Given a functionally heterogeneous group of proteins, such as a large superfamily, or an entire database, two important problems in biology are the automated inference of subsets of functionally related proteins and the identification of functional regions and residues. The former is typically performed in an unsupervised bottom-up manner, by clustering based on pairwise sequence similarity. The latter is performed independently, in a supervised top-down manner starting from functional groups that have already been identified by either biological or computational means. Clearly, however, the two processes remain inextricably linked, because functional motifs and residues are related to corresponding functional clusters. This paper introduces a high-performance, unsupervised, top-down clustering technique and the corresponding system that determines functionally related clusters and functional motifs by coupling a pattern discovery algorithm, a statistical framework for the analysis of discovered patterns, and a motif refinement method based on Hidden Markov Models. The high performance comes in two ways. First, the functional motifs are determined by first discovering regular expressions from the database, which can be done relatively fast and easily, and then converting them into statistical models, which offer computational complexity and theoretical soundness. This approach, as opposed to the one where rigorous treatments of functional motifs are attempted from the very beginning, is expected to achieve both efficiency as well as superior performance. Second, the system constructs a binary tree during the top-down clustering process. Since the two child nodes of a parent node in the tree are independent, the construction and manipulation of the two child nodes can be carried out simultaneously, therefore resulting in greater efficiency. Results are reported for the G-Protein Coupled Receptor superfamily. These show that a significant majority of wellknown functional groups and biologically relevant motifs are correctly recovered. They also show that a majority of the important functional residues reported in the literature occur in the inferred functional motifs. This technique has relevant implication in functional clustering and it could be used as a highly predictive aid to mutagenesis experiments.
Introduction
In [17] it has been shown that the combination of an efficient, deterministic pattern discovery algorithm, SPLASH [7] and a framework for the assessment of the statistical significance of the discovered patterns [35] has a high probability of identifying biologically significant protein motifs, defined as highly conserved, ungapped regions of a protein or DNA sequence [3] . Biologically significant, in this context, means that mutations of some of the residues that are highly conserved in one of these motifs are likely to result in the loss of biological function, due to modifications in either the structural or the physio-chemical properties of the protein.
The rationale behind this approach is that mutations that would result in a critical loss of biological function are less preferred by evolution and consequently, functionally/structurally relevant regions tend to be highly conserved across a corresponding protein family. This conservation can be detected as a pattern of conserved residues that would be unlikely to have occurred by chance. Complex proteins families, consisting of several domains, each one characterized by specific physio-chemical properties, will therefore be characterized by large numbers of such statistically significant patterns. 
P
This paper extends this approach to the unsupervised, top-down clustering of large protein sets into subsets that are functionally related. Ideally, this procedure is expected to separate the original sequence set into smaller and smaller subsets, characterized by an increasingly higher degree of functional relatedness. Let us assume that P is a set of protein sequences, such as a large superfamily, characterized by several functionally distinct sub-families, each one with a significant number of representatives. From the results of [17] , the single most statistically significant regular expression pattern in the set, π 1 , is expected to correspond to a motif that is both biologically significant and discriminative. That is, sequences matching the motif would be likely to be functionally distinct from those that do not contain it. In this context, given a model of the motif, derived from the regular expression, such as a Position Specific Scoring Matrix (PSSM) [16] or a profile Hidden Markov Model (HMM) [22] , and a corresponding statistical criterion, such as a p-value or e-value, a sequence is said to match the motif if it satisfies the corresponding statistical criterion. Based on such a motif-criterion combination, one can split the family P in two subsets: P 1 , with sequences that match the motif, and P 0 , with sequences that do not match the motif. P 1 can be smaller than or equal to P, while P 0 is typically strictly smaller. This is shown in Figure 1 . This paper tests the hypothesis that an exhaustive, iterative application of this method leads to the simultaneous identification of both a significant number of subsets of functionally related sequences and their corresponding functional motifs.
Figure 1: Venn diagram representation of a superfamily and a functional sub-family
We visualize the evolutionary process for a protein superfamily via a basic model, where a common ancestral gene evolves into a hierarchical gene family through recursive gene duplication and divergence events. The output of this model is a gene tree. Based on this model, the procedure in Figure 1 should be repeated iteratively on both P 0 and P 1 , after "masking" the residues of π 1 in the sequences of P 1 to avoid discovering the same exact pattern again. The procedure can be stopped either when the set size becomes lower than a preset threshold, or when a statistically significant pattern can no longer be discovered. This procedure can be used to construct a binary tree where each successive node corresponds to an increasing degree of functional similarity. An edge in the tree corresponds to the presence or absence in the child node of the motif identified in the parent node. This is shown in Figure 2a . By collapsing all edges that do not correspond to a match and lead to an internal node of the tree, a variable-arity tree can be produced such that internal nodes correspond only to the presence of a corresponding motif. This is shown in Figure 2b . The advantages of this approach are threefold: first, functional groups are directly inferred from and related to specific motifs in sequence space. This offers important clues as to the functional relevance of the individual motifs. Second, high similarity in non-functional regions does not interfere with cluster selection. That is, two sequences that are highly similar may have a critical difference in a functional region and therefore not share a common function. Third, the procedure is extremely efficient because it relies on a hierarchical divide-and-conquer approach. The system constructs a tree during the clustering process, and all the nodes at the same level of the tree are independent of one another and thus can be "conquered" at the same time. Large superfamilies, with thousands of members, can be clustered in a few hours on workstation level hardware. For this reason the method could be applied to the unsupervised clustering of entire databases. There are however several issues that may deteriorate the performance of the approach when measured against known functional family classification schemes. First, entire or partial domain insertion, rather than point mutation, may occur during evolution. Therefore, several functional properties may be highly intertwined across multiple families and the best representation of functional relationships may not be a tree. This is addressed by a modification of this approach that represents functional relationships through a tree-graph combination. This is reported in Section 3.6.
Second, those parameters of our system effective during the pattern discovery phase determine the types of patterns that will be discovered. Therefore, subtle, flexible 1 , or very small motifs, such as an individual catalytic residue, may be missed by the pattern discovery procedure. In Section 3.3 we study the parameter space to determine the robustness of the algorithm. Finally, the use of any statistical criterion to determine class membership will result in some falsepositives and false-negatives. Therefore, some functional family members may end up in erroneous branches of the tree. A "fuzzy" classification algorithm that attempts to minimize this effect is introduced in Section 2.3. Finally, one should consider that manual functional classifications of a large protein family typically show significant disagreement and that some functional groups may have a semantic rather than functional basis. This aspect is covered in detail in Section 3.1.
Figure 2: Venn diagram representation of a superfamily and several increasingly smaller functional sub-families
This top-down scheme for the unsupervised clustering of functional protein families is quite distinct from traditional approaches, such as COG [38] , DOMO [13] [14] , HHS/MST [34] , ProDom [33] , and ProtoMap [44] -where shared functionality is inferred from pairwise sequence homology. A top-down use of pattern discovery for the construction of motif dictionaries has also been proposed by [29] . The latter is based on the discovery of exact regular expressions without statistical analysis or pattern refinement and no exhaustive comparison of the functional motifs or of the functional residues to existing literature is reported. To measure the method's performance, a suitably large protein sequence set has been analyzed, where the functional nature of the member proteins is known a-priori. The set of choice is that of G-protein coupled receptors (GPCR). The GPCR superfamily comprises an important, large, and functionally diverse class of proteins that mediate the cellular responses to an enormous number of unique signaling molecules across the plasma membrane. They play fundamental roles in regulating the activity of virtually every body cell. Therefore, they constitute an almost ideal candidate set for this exercise. Furthermore, studies of the deduced amino-acid sequences indicate that these proteins have marked homology and share a common membrane topology consisting of seven transmembrane helices. Upon binding of extracellular ligands, GPCRs interact with a specific subset of heterotrimeric G-proteins that can then, in their activated forms, inhibit or activate various effector enzymes and/or ion channels. This means that, although these proteins have a common action mechanism, they are highly specific in their targets. This selectivity (of both ligands and G-proteins) should result in a number of highly selective motifs responsible for the binding of the specific molecules. A great wealth of information on these functional regions exists in the literature from site directed mutagenesis experiments and other biological assays [15] , [21] , [2] , [39] . This information can also be used to assess the method's performance. Finally, molecular cloning studies have shown that GPCRs form one of the largest protein families found in nature. In fact, more than 200 functionally distinct receptors in this gene family have been cloned and more than 1000 sequences or sequence fragments are available in the SWISSPRT database. This is again ideal for this analysis because distinct functional families are represented by a significant number of members. The paper is organized as follows: Section 2 describes the methodology in detail. In particular, it describes how patterns discovered by SPLASH can be used to generate highly sensitive profile HMMs [22] and how these in turn are used to infer functional relationships. Section 3 describes the comparison of the resulting functional clustering against taxonomies reported in the literature and the comparison of the putative functional motifs against residues whose biological activity is also reported in the literature. Finally, Section 4 covers related work.
1 SPLASH can also discover flexible patterns but the trade-off between efficiency and accuracy is not favorable. In general, also, many reported flexible patterns have one or more rigid cores that can be successfully discovered by the algorithm. 
Methods
This section is devoted to a description of the pattern discovery and clustering steps.
2.1
Pattern Discovery SPLASH [7] , a novel pattern discovery algorithm, is used to identify conserved patterns in sets of protein sequences. This algorithm discovers all rigid regular expressions that occur in a set of sequences subject to the following constraints: 1) The tokens of the regular expression are from an alphabet of amino acids, amino acid similarity classes, and don'tcare. Similarity classes, such as [ILMV] are defined as sets of amino acids that score above a given threshold with respect to the first amino acid in the class, using a predefined scoring matrix such as PAM [30] or BLOSUM [18] . Individual amino acids in the regular expression only match an exact occurrence in the sequence; similarity classes match an occurrence of any of the amino acids in the class; a don't-care matches any residue. 2) Patterns must occur at least j 0 times in the sequence set or in at least j 0 distinct sequences. In this paper, the former definition is used, even if it is not frequent that there is more than one match in a single sequence. 3) Patterns must satisfy a density constraint. That is, any substring of length l 0 in the pattern that does not start with a don't-care must contain at least k 0 tokens, which are letters or homology classes but not don't-cares. If the pattern is shorter than l 0 , it must contain at least k 0 tokens. 4) Patterns must contain at least t 0 tokens. 5) Patterns must be maximal. That is, no token can be added to the pattern without reducing its support. The latter is the number j of occurrences in the set. The stability and performance of parameters such as j 0 , l 0 , k 0 , and t 0 are studied in Section 3.3. Patterns are assigned z-scores computed from the mean number and standard deviation of equivalent patterns that should have been discovered in a random database of similar composition [35] . Patterns are considered equivalent if they have the same support j, length k (number of full characters), and span l (total number of characters including don't-cares). Equivalent patterns are assigned identical z-scores. As reported in [35] , z-scores are inversely proportional to the corresponding p-values of the pattern. [17] shows that high z-score patterns are likely to be biologically significant. Given a set of sequences P, and a set of parameters, as described in [17] , SPLASH is run repeatedly until a minimum number, N -, of statistically significant patterns are discovered. This is done as follows: the algorithm starts by looking for patterns that occur in 100% of the sequences. The minimum support j 0 is then gradually reduced, by 5% of the number of sequences at a time. For every new minimum support, both the density as specified and one-half of it (by doubling the window length) are attempted. These steps are repeated until a good sample of at least N -statistically significant patterns is obtained or until a minimum support j 0 = 0 is reached. As soon as at least N -patterns are found, the most statistically significant one is selected.
2.2
Pattern Refinement The amino acid classes described in Section 2 are not context specific. That is, they are not likely to realize all the possible substitutions that would preserve function in a particular family. This may result in incomplete patterns. To minimize this effect, a pattern is thus extended by examining both the left-and right-flanking regions of all the occurrences of the pattern in the sequence set. The goal is the detection of additional significant residue conservation that would not be discovered based on the similarity class definition. Given a pattern, sequences that match it are first rigidly aligned according to where the pattern occurs, as shown in Figure 3 . For each positions relative to the sequence multiple alignment, the residue statistics are analyzed to determine if there is substantial conservation. This is accomplished by computing the amino acid entropy over a small window and then by sliding the window, as shown in Figure 3 , until the entropy increases by more than a predefined delta. The window is initially positioned inside the pattern at its left or right boundary depending on the direction of the extension. The entropy is computed as:
where p ij is the probability of seeing the j-th amino acid at the i-th window position, computed from its frequency in the aligned set, and q j is the overall probability of seeing the j-th amino acid in the entire set of sequences, also computed from its frequency. The first sum is over all positions of the sliding window, the second over the 20 amino acids. At the end of this process, patterns are extended both left and right all the way to the outer edge of the window at the last window position considered before the entropy threshold was exceeded. In this paper, w = 10 and the cutoff delta ∆E is computed as:
Where E is the entropy computed over the first sliding window position, when it is still completely contained within the original pattern, E max is the maximum possible entropy based on the database composition, and 16 is a heuristic factor. As discussed in [7] , regular expressions produced by the pattern discovery algorithm should be used only as seeds for sounder statistical models such as PSSMs or profile HMMs. The latter have the advantage of being based on a formal statistical framework [22] , which provides a consistent theory for scoring insertions and deletions. For this reason, they are the model of choice in this paper. For practical HMM construction and scoring purposes, the package HMMER has been used. This software is available at http://hmmer.wustl.edu/. A profile HMM is obtained by running HMMBuild on the set of occurrences of the extended patterns resulting from the previous step. This is a set of aligned, ungapped sequences. HMMBuild constructs a profile HMM using the maximum a posteriori (MAP) [10] construction algorithm to determine the length of the main model, and the maximum likelihood estimates [10] with Dirichlet mixture priors to estimate pseudo counts [1] [5] . HMMCalibrate is then used to obtain close estimates of the score probability densities for the computed HMM model. This is performed by scoring a large number of synthetic random sequences with the profile HMM and by fitting the resulting score histogram with an extreme value distribution (EVD) [9] [20]. HMMSearch is then used to identify all the sequences that contain regions similar to the extended occurrences of the pattern discovered by SPLASH. The input is the entire set of sequences that was used in the pattern discovery phase at the current level of iteration. This is a set of unaligned sequences, whose alignment may contain gaps. The program generates a log likelihood ratio [19] [10] for every sequence examined that indicates how well it aligns with the profile HMM compared to a random set of sequences of similar size and composition. This is reported as an e-value, which is an estimate of the number of sequences expected to have an equal or greater log likelihood ratio in the random set [19] . The e-value accounts for the different statistics of sequences of different lengths according to the extreme value distribution. Sequences with an e-value equal to or below a first threshold e 1 are considered matches while those with e-values above a second threshold e 2 (e 2 ≤ e 1 ) are considered mismatches. A given set of sequences can thus be divided into a subset P 0 , containing the mismatching sequences, and a subset P 1 , containing the matching ones. In theory, further pattern refinement can be performed by iteratively refining the statistical model. For any of these iterations, another profile HMM is obtained by running HMMBuild on the subset of sequences matching the profile HMM obtained in the previous iteration. HMMCalibrate and HMMSearch are then run in exactly the same way as described previously. Notice that the first profile HMM is obtained from the set of occurrences of a SPLASH pattern, but any of the subsequent profile HMMs is obtained from a set of matches of a profile HMM. It implies that the construction of a second profile HMM may make the biggest difference. For time concerns as well, we choose to iteratively refine our statistical model only once by constructing a second profile HMM. Some results are reported in Section 3.3.
2.3
Functional Clustering with a Binary Tree As discussed in the introduction, the fundamental idea is that sequence conservation across functional families is directly related to the functional or structural relevance of the conserved region. Therefore, the more statistically unlikely a globally conserved region is, the more likely it is that there exists a significant functional or structural justification for that conservation.
Ideally, one would want to first identify all existing patterns, from those conserved in large subsets to those conserved in just a handful of proteins, and then rank order them according to their statistical significance. This is however impractical because highly conserved patterns, that is patterns with a high support j would result in a huge number of close variants that are conserved in subsets of the j sequences. This number can be shown to be exponential in j. Therefore, as described in Section 2.1, motifs are identified starting at the highest j. They are subsequently masked in the input set as to prevent detection of related variants. This is described next. Binary tree based functional clustering is performed as follows: given any sequence set P i , pattern discovery is performed as described in Section 2.1. Then, the single most statistically significant pattern is selected, extended, and refined as described in Section 2.2. Two new sets P i0 (mismatching) and P i1 (matching) are then generated from P i by comparing the computed e-values against the two thresholds, as also described in Section 2.2. The new sets become respectively the right-and left-child of P i in a binary tree. If e 1 = e 2 then the two sets have an empty intersection. Otherwise, the two sets may partially overlap over borderline cases. The first method shall be referred to as exact clustering and the second one as fuzzy clustering. It is evident that the setting of the e-value thresholds determines the performance of the system. The e-value thresholds may and probably should vary from iteration to iteration. This is because the distribution of e-values for a specific iteration depends on a combination of factors, including the database used to construct the profile HMM and the database against which to match the profile HMM. In this paper, however, we use constant e-value thresholds throughout a single experiment. Lower e-value thresholds tend to result in more false negatives, while higher ones tend to result in more false positives. To achieve good performance, we should either adjust the thresholds intelligently or allow fuzziness in the classification, as in the fuzzy clustering. The procedure is repeated iteratively on each new node in the tree until either resulting sets contain fewer than a predefined number of sequences or statistically significant patterns can no longer be found in them, that is P i0 = P i . The root node of the tree contains all the sequences in the set of interest. By definition, matching sets P i1 are assigned to left-branches, and mismatching sets, P i0 , to right branches. Finally, if for a tree node P i , determined by a motif π i , another motif π i' is found such that P i1 = P i , then the two nodes are combined and the rigid motifs π i and π I' may also be combined into a flexible motif. Each node in the tree can be uniquely identified by a sequence of 1s and 0s corresponding to the set of matchmismatch events leading to it. In the exact clustering, each protein belongs to only one leaf of the tree. In the fuzzy clustering, they may belong to more than one leaf. In the latter case, the sequence is assigned a-posteriori only to the leaf that would result in the smallest sum of e-values over all the left-branches in the path from the root. The closer two proteins are, evolutionarily, the more instances of common motifs they are expected to have. Therefore, the distance between two leaves can be used as a measure of the phylogenetic distance between any pair of proteins in the two leaves.
2.4
Clustering with a Tree-Graph Combination In this approach, we account for motifs that may be supported by partially overlapping sequence sets. Starting from a Venn diagram that represents a pattern as a set of sequences that contain them, two situations may arise as shown in Figure 4 . In the first case, sets corresponding to different patterns are either completely contained in one other (π 0 and π 1 , π 0 and π 2 ) or completely separated from each other (π 1 and π 2 ). In the second case, sets could be partially overlapping (π 1 and π 3 , π 2 and π 3 ).
Figure 4:
Venn diagram representation of tree-graph pattern relationships Patterns and the corresponding sequence sets that are completely contained within one another will be linked by directed edges and form a partial n-ary tree. Patterns and corresponding sets that are partially intersecting will be linked by undirected edges and form a partial undirected graph. The result will be a combination of a tree and an undirected graph. This requires that all statistically significant patterns be discovered and masked in the complete set. This is also described in [17] . Based on the intersection of their respective support sets, appropriate relationships can
be determined for the patterns as discussed above. This representation differs from the one suggested by [29] , where a directed graph representation is suggested. Results for this analysis are reported in Section 3.6.
2.5
Protein Classification Given a set of proteins, an automated and unsupervised procedure is introduced to establish a hierarchy of functional classes. Starting with the hierarchy, functional classification of an unknown protein can be performed in a rather straightforward way. One can either use the hierarchy as a decision tree and traverse it until a leaf is reached or the protein can be matched to the set of all motifs leading to a leaf of the tree and establish which match is the most statistically significant. For this purpose, HMMSearch can also be used to compute the e-value for this protein against each one of the derived profile HMMs.
Results
This section analyzes the performance of the unsupervised clustering scheme against a set of G-protein coupled receptors (GPCR) [41] obtained from GPCRDB [15] , excluding orphan, probable, and putative sequences. GPCR constitutes one of the largest and most functionally differentiated protein families and an ideal test set for the performance of such an algorithm.
G-Protein Coupled Receptors
The molecular mechanisms involved in GPCR function, particularly the molecular modes of receptor activation and G-protein recognition and activation, have become an ever-increasing research focus. Mutagenesis and biophysical analysis of several of these receptors indicate that small molecule agonists and antagonists bind to hydrophobic pockets buried in the transmembrane core of a receptor. In contrast, peptide ligands bind to both the extracellular and transmembrane domains. Meanwhile, G-proteins are typically the ones that bind to the intracellular domains. A great wealth of information about GPCRs is available. GPCRDB [15] and GCRDb [21] are full-fledged databases specifically on the set of GPCRs. PRINTS [2] is a database of protein sequence fingerprints (sets of multiple alignment blocks) and includes a comprehensive, hierarchical set of fingerprints for GPCRs. These fingerprints have been shown to have strong discriminative power for family membership. Finally, the GPCR mutant database (GPCRMD) [39] is a database of mutation information on the set of GPCRs. It compiles a comprehensive list of mutagenesis experiments performed on GPCR sequences up to 1997, detailing all the pertinent information about each experiment. These information sources provide a basis on which to assess the performance of our system from a functional point of view. The performance of the clustering scheme is studied via three distinct methods. The goal is to show that a) the system produces a hierarchical decomposition of GPCRs whose nodes are likely to overlap significantly with well-known functional subsets and b) that corresponding motifs identify regions and residues with important, family-specific functional roles. First method: Functional groups inferred by the proposed approach are compared against a set of experimentally established groups. Unfortunately, there is no agreement on a global taxonomy for GPCR and different databases report partially overlapping functional groups based on biological rather than computational classification. For instance, PRINTS defines functional groups according to the GPCR fact book [41] . GPCRDB, instead, organizes the set of GPCRs based on the pharmacological classification of receptors. The corresponding two hierarchical lists of GPCRs disagree considerably. As a result, a combination of subfamilies reported by either PRINTS or GPCRDB has been used as a reference database against which to compare the set of clusters identified by our system. This maximizes the number of potential functional groups that could be matched. The two hierarchical lists are merged by adopting the finer classification, whenever a discrepancy exists between them while maintaining consistency with either hierarchical list whenever possible. The result is a set of non-overlapping groups, called base groups (bgroups), which cover the entire GPCR set, and a set of combinations of the base groups, called composite groups (cgroups), which either contain or are contained completely by one another A list of these groups is available on the web [23] . Only groups containing at least three member sequences are considered in this analysis. Each node in the tree constructed by our system, called an f-group, is compared to the set of b-and c-groups based on the percent overlap of the list of member protein sequences. Any f-group that highly overlaps a b-or c-group, in the sense that the number of false positives and that of false negatives with respect to the group are both small, is assigned the functional label of the corresponding group. Overlap is computed as:
where n fp is the number of false positives (f-group members not in the b-or c-group), n fn is the number of false negatives (b-or c-group members not in the f-group), n is the total number of elements in the b-or c-group, and α is a percent coefficient. The max with 1 allows some tolerance even for very small groups. Results for a = 0.1, 0.2, and 0.3 are reported in Section 3.3.
Second method:
The set of motifs associated with each f-group (f-motifs) are compared against the PRINTS fingerprints (p-motifs). The latter are produced by a supervised procedure where motifs are extracted from manually selected functional families. Matches provide some evidence that the unsupervised procedure is successful in identifying known functionally significant motifs. F-motifs that are not present in PRINTS, on the other hand, invite further analysis as they may be related to previously unknown functional regions.
Motifs are compared as follows: for each pair of f-motif and p-motif, it is determined whether their relative support sequence sets overlap. If they do, it is further determined if there is any overlap between the regions where the f-and p-motifs are incident. Third method: Individual residues in the f-motifs are compared against the existing database of functionally assayed residues reported in GPCRMD. If the residues in GPCRMD are incident on f-motifs, this provides some evidence that the algorithm is effective in identifying functionally significant residues. In that case, those residues in the f-motifs that are not matched by any residues in GPCRMD present themselves as interesting targets for mutagenesis experiments. Results suggest that this approach, dubbed synthetic mutagenesis, is universally applicable to identify potential functional residues and as an aid to direct mutagenesis assays.
If the GPCRMD residue occurs in a sequence (r-sequence) that belongs to an f-group, it's the documented position of the residue is directly compared with the position currently under consideration in any occurrence of the corresponding f-motif. Otherwise, a profile HMM is constructed from all the occurrences of the f-motif, the r-sequence is aligned with the profile HMM by using HMMSearch, and the documented position of the residue is compared with the position currently under consideration in any occurrence of the f-motif. The latter is useful to determining functional residues that belong to regions that have high homology to a region identified by an f-motif but may have been missed due to the tree splitting procedure.
Experimental Results

In this section, experimental results for the following studies are reported:
The robustness of the algorithm is studied based on an exploration of the parameter space.
The clustering performance is analyzed based on the number of b-and c-groups that overlap with f-groups.
PRINTS comparison results are reported.
Functional residues analysis is reported.
For each f-motif, the locations of its occurrences are annotated with putative structural (transmembrane, intracellular, or extracellular) information. The functional significance of each of these regions is reported. These results are available on the web [23] due to space format limitations.
3.3
Algorithm Robustness The following table reports the results of the unsupervised clustering for various values of the parameters. Some of the rows in the table are shaded for grouping purposes. The most relevant parameters of the system are the following: 1) Density constraint parameters k 0 and l 0 -There are studied in rows 5 to 7. 2) Minimum number of tokens, t 0 -This is studied in rows 1 to 4.
3) E-value thresholds for HMMSearch, e 1 and e 2 -In the exact clustering case, e 1 = e 2 , and the single e-value threshold is studied for three separate groups with corresponding values of 0.1, 1, and 10, respectively 4) Minimum number of patterns required before selecting one N -This is studied in rows 8 to 10. The results of the analysis are combined in the last three columns of the table. N m is the number of unique b-or cgroups that match an f-group with at least three member sequences, and there are 212 such groups. N P is the number of unique PRINTS fingerprints that overlap an f-motif, and there are 1441 such fingerprints. N Res is the number of functional residues in GPCRMD that are incident on f-motifs, and there are 581 such residues. As evident from this table, the results are quite stable with respect to the choice of values for the density constraint parameters and improve with larger values of the t 0 parameter and with lower values of the e 1 /e 2 parameter. This can be understood because more specific patterns are likely to reduce the chances that the HMMs are trained using false positive instances. Furthermore, a lower e-value threshold is likely to minimize the number of false positives. It is also evident that a larger value of minimum number patterns, N -, among which an optimal one is chosen, improves the performance of the algorithm. Rows 20 through 22 report the results for those experiments with iterative pattern refinement for different e-value thresholds. As can be seen from comparing such an experiment with its non-iterative counterpart (rows 3, 11, or 15), the performance of our system improves when the e-value thresholds are relatively high but doesn't otherwise. One of the reasons may be that relatively low thresholds tend to increase the number of false negatives, and a refined profile HMM built from a more selective subset of sequences tends to further increase the number of false negatives. Finally, the last two rows report the results for the fuzzy clustering method. There appears to be moderate but not significant improvement over the corresponding exact clustering technique. Notice, however, that with the fuzzy clustering, the size of the tree tends to be bigger and thus N m is expected to be larger as well.
Index
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3.4
Identification of Functional Residues As opposed to a supervised learning model, such as that used for generating PRINTS fingerprints, the proposed technique makes no assumptions on the functional relatedness of a set of sequences and infers it based only on motif conservation. Since the functional clustering proposed in this paper is based on the occurrence of individual motifs, it is reasonable to assume that if the clustering is relatively successful in identifying functional groups, as shown by Table 1 , then the corresponding motifs will contain at least some residues that have a functional nature. This is shown to be the case in [17] where the three catalytic residues of trypsin (a serine, a histidine, and an aspartic acid) belong respectively to the three most statistically significant patterns discovered from a set of 348 trypsin sequences. Table 1 shows that a large majority of the 581 functional residues reported in GPCRMD correspond to sites on the fmotifs. There are a few cases where a residue reported in GPCRMD corresponds to a residue in an f-motif that does not occur in its r-sequence but whose set of occurrences align well with the r-sequence. As discussed above, this can happen if a sequence is misclassified in a node closer to the root of the tree, thus ending in the wrong branch. In this case, direct alignment with the f-motif correctly occasionally shows that a match actually exists. A list of all residues reported in GPCRMD and all the relevant information, such as their biological literature and incident f-motifs are available on the web [23] . In total, up to 64% of the functional residues are incident on f-motifs, for the best match parameters. This result supports the claims about the usefulness of this technique as an aid to directed site mutagenesis experiments.
3.5
Best Set of Results So Far The best set of results from all the experiments performed is shown in row 16 in bold. It corresponds to the identification of 121 to 151 functional families out of 212, or 57% to 72%, depending on the group match threshold. The list of patterns generated by the system from this experiment is given in Section 7. All the patterns corresponding to the same node in the tree are presented consecutively, and the nodes are ordered by their levels in the tree (the closer to the root of the tree, the smaller the level). For each pattern, the b-or c-group which the corresponding f-group matches, the size of the sequence set from which it is generated, the size of the corresponding f-group, the consensus for the pattern, and the list of matching GPCRMD residues are shown. A consensus consists of capital letters, which indicate highly conserved residues in the pattern, and lower-case letters. The list of matching GPCRMD residues consists of pairs of the form (p, r) such that the the r th GPCRMD residue represented by the r th entry in the table given in Section 8 matches the p th position of the pattern. The list of GPCRMD residues is given in Appendix 8. For each residue, the position in the r-sequence, the putative structural information for the region in which it occurs, the gene and species corresponding to the r-sequence, the functional effect of a mutation experiment, the reference, and the list of patterns in which it is incident are shown. Tree-Graph Model Results for the tree-graph combination model are rather preliminary. In Figure 5 , we report a graphical representation of the proteins that do not contain the well-known DRY motif (non class A). Individual proteins are identified by the corresponding gene names. More detailed information can be found on the web [23].
Related Work
A number of alternative approaches to construct various phylogenetic tree representations for various subsets of the GPCRs have been reported. GPCRDB, for instance, organizes the set of GPCRs based on the pharmacological classification of receptors as described previously. It then constructs a phylogenetic tree for each class of proteins at the lowest level of the classification based on pairwise alignment and a neighbor-joining algorithm via WHAT IF [40] . Results of this analysis are reported at http://www.gpcr.org/7tm/phylo/phylo.html. GCRDb starts from a manually assembled high-level functional classification of the set of GPCRs, reported at http://www.gcrdb.uthscsa.edu/GCR_Fam.html. It then also constructs a phylogenetic tree for each class of proteins at the lowest level of the classification using the accepted-mutation parsimony method http://www.gcrdb.uthscsa.edu/GCR_Evol.html).
Results of this classification are reported at http://www.gcrdb.uthscsa.edu/GCR_Tree.html. In contrast to these partially supervised approaches, the proposed method attempts to build a tree for the entire set of GPCRs in an unsupervised manner. There are also a variety of classification algorithms reported in the literature of varying scope and emphasis. Our scheme is of the unsupervised learning kind, that is, classification is performed in the absence of any prior knowledge. This is an inherently more difficult problem than supervised learning. are among those that adopt an unsupervised learning approach. All of these systems, however, adopt a bottom-up or agglomerate approach, constructing small clusters first using pairwise local alignment methods and iteratively merging them to form larger clusters based on various linkage rules. This is a rather ad-hoc process, which is critically dependent on the parameter selection. It also offers no clues on which are the most relevant protein regions that lead to functional differentiation. With respect to the discovery of functional regions and residues, [8] propose a pattern discovery method to build dictionaries of motifs. However, the authors do not attempt to build a model of the relationships determined by these motifs. Pfam [32] is the only other system that uses profile HMMs to characterize a protein functional class. In contrast to other model-based systems, however, it uses the full-length sequences as a training set. This results in a significant computational load both during training and during the matching phase of the approach. In contrast, the approach proposed here uses profile HMMs only to represent small, disconnected regions that are efficiently identified by first discovering conserved regular expressions. This allows for a combination of statistically sound and sensitive HMM technique that can deal with gapped sequences with the efficiency of the pattern discovery based method. The set of profile HMMs can be used in a statistically sound way to characterize each class of proteins that corresponds to a node in the tree. PIMA [31] and ProtoMap [44] appear to be the only other systems that attempt to either assign a significance level to every class or consider every member in a potential class before deciding whether to actually form the class. The binary classification tree can be then be used directly for sequence annotation as a decision tree driven by the e-value of the profile HMMs at each node.
Conclusion
It has been shown that a combination of regular expression based pattern discovery, pattern discovery statistics, and hidden Markov model based classification can be used to efficiently and accurately identify functional protein clusters in an unsupervised, top-down manner. Experimental results show that the approach is well-behaved with respect to the choice of parameters and that a significant set of known functional families are successfully identified from large, functionally differentiated families such as G-protein coupled receptors. Due to the efficiency of the process and its parallel nature, this could be performed on larger databases such as SWISSPROT.
Furthermore, it has been shown how the identification of functionally relevant regions in protein can lead to the identification of potential functional residues with high probability. This process, dubbed synthetic mutagenesis, could be successfully used as guidance to reduce the cost, complexity, and time requirements of real mutagenesis experiments.
[ 
